Pointing to marine greenhouse gas emissions, the EEDI (Energy Efficiency Design Index), a mandatory regulation, has become a significant factor in the design of ships' hull lines. EEDI is closely related to many design parameters of ships' hulls, which were conventionally set to be constant when involved in the design. However, it is often the case that considerable parameter fluctuations happen during actual navigation (such as travelling speed, draft, etc.), so it is more reasonable to state the important parameters as random variables. The reliability and quality level requirements of design results are also of concern. Accordingly, a reliability-based optimisation design (RBOD) method is introduced in this research. Furthermore, the design of experiments and reliability analyses via a Monte Carlo simulation and four reliability methods are employed to measure the sensitivity of the design variables and their reliability. Upon comparison with deterministic optimisation design (DOD) via adaptive simulated annealing (ASA), ROBD shows excellent adaptability and reliability in minimum EEDI ship hull lines' designs.
Introduction
The Energy Efficiency Design Index (EEDI) is a significant index for the energy efficiency of naval architecture, and it has been a mandatory regulation for all newly built ships since January 1, 2013 [1] . EEDI expresses the environmental cost, stated as the vessel's CO2 discharge, which is generated by the social benefit of each tonnage unit (quantity of shipments). The compulsory execution of EEDI accelerates the pace of energy saving and emission reductions in the shipping business, and higher requirements are proposed for the development of 'green' ships. It is well recognised that EEDI is closely related to ships' hull lines, which can greatly affect their sailing performance and other features. Therefore, along with the development of new ship hull lines, reducing EEDI and trends toward energy savings are becoming increasingly important. Currently, a number of internal and external parameters (such as resistance, travelling speed, draft, etc.) are normally set as constants in the design of hull lines (2014) [2, 3] . However, the fluctuation of these parameters is unavoidable during actual navigation [4] , which leads to the inevitable generation of errors if they are always considered as constant values. Although errors are small in most cases, during the optimisation design process, continuous iteration and mutual couplings may cause large deviations in the final results, and greater risks to quality come into view. Apparently, it is more reasonable to set such parameters as random uncertainty variables during the hull lines design process, so that their effect on target responses can also be considered.
In recent years, during ships' preliminary design stages, the influence of uncertain parameters has gradually come to be taken more seriously and subject to greater levels of research. Diez (2009) [5] [6] took the lead in considering the influence of uncertain parameters on ship design: the principal dimensions of container ships were optimised using robust design (RD) and robust optimisation design (ROD). Afterwards, Diez's team (2011 Diez's team ( -2015 [7] [8] [9] [10] introduced RD and ROD to ship hull simulation based design (SBD) systems, and a series of studies were conducted. Their design objective was developed from principal dimensions to hull lines, single uncertain parameters to multiple ones, and speed disturbances to wave responses, which reflected the development idea of 'from coarse to fine, from simple to complex'. Other works, such as that by Hannapel (2010) [11] , introduced uncertain factors to constraint conditions, and the expectations and variances of objective functions were also considered. Papanikolaou and colleagues (2014) [12] made a review of methods on the uncertainties in the estimation of wave loads, and they studied ships' responses while in operation; in a later case, reliability assessment methods (FORM, SORM, MC) were used to account for the variations in ship and environmental parameters. The common characteristic of the above studies was that uncertain parameters were introduced into the fixed optimisation system as a priori knowledge, but the results' quality and reliability were not evaluated. Had they been, it would have led the design results to being of low quality with a high failure probability when applied to the further detailed designs.
From a statistical point of view, reliability-based optimisation design (RBOD) (2016) [13] [14] [15] considers the uncertainty of constraints as probabilistic at the beginning of the design process. By means of reliability analyses and quality optimisation, RBOD can yield the high quality results that strictly meet the requirements of performance, reliability and constraints. RBOD works by finding the flat area in a design space that minimises the output fluctuation caused by uncertain parameters and meets all quality requirements and probabilistic constraints.
In summary, with respect to previous approaches, Beyer (2007) lists the key factors of different definitions as follows [16] :
• Robust design (RD): Aiming at the worst case, attention is mainly on variances or standard deviation;
•Robust optimisation design (ROD): An optimisation process considering uncertainty in the objective or target function;
• Reliability-based optimisation design (RBOD): The attention is focused on the constraints of the design, which are treated as probabilistic inequalities and give a statistical feasible region.
While RD and ROD are mainly focused on expectations or variances of the objective function, RBOD concentrates on the probabilistic handling of constraints. Thus, RBOD can be a fine method for solving the way to approach quality requirements and probabilistic constraints. In this study, principal dimensions and ship form coefficients are combined to form the design space, and constraints are stated as hull moulded volume and resistance; thus, Where: MCRME is power rating of main engine, (kW); Rt is travelling resistance, (kN); PC is propulsive coefficient; Capacity is deadweight, (t), got by Eq. (4):
Where: Δ is displacement, (t). Wt is light weight, (t), which is divided into hull weight Wh, outfit weight Wo and electromechanical weight Wm. Wh and Wo can be estimated by the principal dimensions: waterline length L (m), waterline width B (m) and depth D (m). Correspondingly, Ch and Co are relevant coefficients, which are usually empirical valued. Electromechanical weight Wm can be set as a fix value referred to parent type.
A large cargo ship is taken as the example in this study, detailed descriptions of which are shown later, according to the routine statistical data of this ship type [17] , constant coefficients are defined as: Ch=0.43, Co=0.31, Wm=671(t) in this study.
2.2
Travelling resistance Rt Numerical method based on the slender body theory such as Michell, is frequently-used in the ship resistance evaluation because of its simple assumptions and fast capabilities. However, such approach is considered out-dated and probably not accurate enough to capture the effect of small hull form modifications on the vessel resistance.
As a semi-empirical method for practical ship hull form, Holtrop method [18] with 334 towing test regressed data in ocean engineering basin in Netherlands, could get satisfactory resistance results at preliminary design stage. Because of the iterative computation in Holtrop, time cost of optimisation would increased substantially. Thus approximate model is necessary for the optimisation, which has strict requirement for the length of each step, and is also the typical and frequently-used way in ship simulation based design (SBD) process.
BP (Back Propagation) neural network is a kind of multilayer feed forward network with error back propagation algorithm [19] , and becomes one of typical approximation technologies because of its excellent ability to approximate nonlinear function, Eq. (5) represents a three-layer BP neural network model which using tangent sigmoid as transfer function of neurons:
Where: BP neural network approximate model, which is very sensitive to the internal parameters, needs mounts of simulation results as inputs, thus errors of output would appear due to some uncontrollable factors. Although this error or uncertainty has a small value in most cases, large deviation of the whole system could also be generated by continuous iterative computation. Therefore, considering the uncertainty of approximate model has an important significance.
Deterministic optimisation

3.1
Design variables This study takes a large cargo ship as the example. In the optimisation design, design variables are often identified by principal dimensions, such as waterline length L, waterline
width B, and the modification of the hull shape which can be represented by the original data points. Multiplied hull modification functions are as shown in Eqs. (6)- (7):
Where:
represents forward (or after) half of the hull points after changed, both in the mid ship-section of the interface;
is modification function of hull form; mn A is control factor for hull shape, in this research m, n=1,2,3.
3.2 Constraints In order to ensure that the internal space of hull is not significantly reduced, and the travelling performance maintains acceptable, changing of molded volume and travelling resistance is taking as constraint condition:
Where: ▽ and ▽0 are optimal and initial hull form's molded volume, which can be calculated via "Simpson method" by the hull points; BP neural network, with its great ability to improve the computational efficiency, is adopted here to establish the approximate model of Rt. When training neural networks, a large number of experimental design points (sample points) should be distributed in the design space. The accuracy of neural network is directly affected by the number of and the distribution of sample points. Meanwhile, too much sample points cost a high computational cost. To compromise this contradiction, and to ensure the uniformity of sample distribution, U is used and 16 sets of experimental program are generated. In order to scatter the sample points evenly, 50 sub-schemes are randomly generated in the range of input variables set by each experimental program, therefore, a total of 800 schemes were generated.
The parameters of BP neural network are chosen as: layer number is 3, and the number of neurons in the input layer, the middle layer and the output layer are all (12,6,1), convergence threshold is 1×10 -6 . Adaptive learning rate method is used as the training method here, with an additional momentum factor, which improves speed and ensures that the network does not fall into local minima.
As an exploratory technique, Adaptive Simulated Annealing (ASA) [20] algorithm, which is very well suited for solving highly non-linear problems with short running analysis codes, when finding the global optimum is more important than a quick improvement of the design, is introduced here to do the optimisation.
The optimisation process is shown in Fig.1 The main internal parameters of ASA are set to: Max number of generated designs is 500, relative rate of parameter annealing is 1.0, and convergence epsilon is 1e-8. After 520 iterations, optimal solution is obtained at the 506 th step. The result is shown in Tab.3, and the objective function values curve in optimisation process is shown in Fig.2 Fig.2 Objective function values curve in deterministic optimisation design process
Sensitivity analysis
In order to analyze the influence of variable changing on outputs, it's necessary to take the sensitivity analysis of design variables and important constants to the constraints and optimisation objective. The sensitivity analysis execution plan is shown in Fig.3 .
Inputs: variables and constants
• L, [110, 130] • B, [21, 25] • T, [7.35, 7 .55]
• A mn (m,n=1,2,3), [0, 0.15]
• v, [12, 16] • C F , [3.1,3.9] • PC, [0.5,0.7]
Sensitivity analysis： • Latin hypercube
Outputs: constraints and target
Fig.3 Sensitivity analysis execution plan
One experiments design technique is introduced here: Latin hypercube, because its engineer has total freedom in selecting the number of designs to run. 1500 points are generated for the Latin hypercube. Pareto contributions of inputs are shown in Fig.4 , which can reflect the effect degree of each input on each output. As is shown in Fig.4 , input factors such as L, B, T, v, CF, PC and their mutual operation customarily have a great effect on the three outputs. Nevertheless, effect of hull control factor Amn (m,n=1,2,3) is less important than others. In order to reduce the computational complexity, it's necessary to extrude the main factors and ignore the unimportant factors for the following reliability analysis and robustness design. Thus through sensitivity analysis, input factors: L, B, T, v, CF, and PC are taken into account as significant factors to the outputs response.
Reliability analysis
In the actual design process, input factors are often subject to interference and reflect the uncertainty, which is usually represented in the form of random variables. Because random disturbance of parameters is neglected in deterministic optimisation, the optimal solution is easy to be near or exceed the "edge position" of feasible region. Once disturbance occurs, deterministic optimal solution is likely to fall into the infeasible region, thus its reliability is hard to be guaranteed.
Reliability is the probability that the performance of result satisfies the constraint. Quality level is a comprehensive index to measure design quality, and two most typical quality levels are "3σ level" and "6σ level". The relationship between reliability and quality level is shown in Fig.5 To analysis the reliability and quality level of deterministic optimal result in Sec.2.3, Four typical reliability analysis methods are introduced here:
(1) Monte Carlo Simulation (MCS) In MCS, the probability distribution of random variables is known. Through random sampling, the probability distribution of system response can be estimated and the contribution of each random variable to the response results can also be obtained. Illustration of MCS is as shown in There are two sampling techniques in MCS: simple random sampling and descriptive sampling. Compared to the former, descriptive sampling is a variance reduction technique aimed at reducing the variance of the statistical estimates derived from the population data. On the other hand, descriptive sampling can ensure the quality of statistical analysis with less sampling times and simulation, so it becomes a representative method and is used in this study.
(2) Mean Value Reliability Method (MVRM) As a probabilistic method, MVRM utilizes the Taylor's series expansion of failure functions at mean values of the random variables. MVRM is the most efficient of the reliability analysis methods in terms of the number of function evaluations, or simulation program executions. However, unless the failure functions are linear or quadratic with normally distributed random variables, mean-value reliability index would lose accuracy. Illustration of MVRM is shown in Fig.7 . Reliability analysis model of deterministic optimal result is shown in Tab. 4.
Tab.4 Reliability analysis model
Objective：
• Considering uncertainty of variables, the reliability and quality level of EEDI deterministic optimal result in Tab.3 are evaluated. Because an accurate modeling of input distributions can be simply established or replaced from observed data, as is shown in Tab.4, normal distribution is assumed for all the random parameters (both the design variables and the noises) here. Furthermore, assessing probability density functions from observed data is outside the scopes of the present work and, therefore, no further addressed.
Random design variables：
The optimisation objective EEDI and two constraints: molded volume and resistance are evaluated by the above four reliability analysis methods. Under the random disturbance of design variables and noises, their probability distributions are shown in Fig. 9 . 
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Fig.9 Probability distributions in reliability analysis
Reliability analysis results of molded volume, total resistance and EEDI are shown in Tab.5. Therefore, there are slight differences between the four reliability analysis results: expectations μ of MCS, FORM and SORM are basically the same, and the standard deviations σ of MVRM, FORM and SORM are basically the same. Because MVRM needs the linear or quadratic failure functions, its analysis accuracy is less than others consequently. Tab.5 shows that, the reliability of Rt appears to be around 50%, and quality levels are not reached 1, that demonstrates the reliability of Rt is extremely low. In order to improve its reliability and quality level, it's necessary to conduct the reliability optimisation design.
Tab.5 Reliability analysis results
MCS
Hou Yuan hang, Liang Xiao HULL LINES RELIABILITY-BASED Mu Xu yang OPTIMIZATION DESIGN FOR MINIMUM EEDI 28
Reliability-based Optimisation Design
Reliability-based optimisation design (RBOD) is to find a reliability result, which is far away from the failure surface. In the case of uncertain parameters, RBOD can effectively reduce infeasible probability, thus to improve the design result's reliability. Illustration of reliability optimisation is shown in Fig.10 , and flow-process diagram of RBOD is shown in Fig.11 . Mathematical model of reliability-based optimisation problem is expressed as in Eq. (11):
Where: X is random variables; F and G is target function and constraints function of RBOD, which are defined by expectation μ and standard deviation σ; ±ΔX is the fluctuation region of X; XLSL and XUSL are lower bound and upper bound of design variables.
Target function F can be decomposed into two parts: "Mean on target" and "Minimize variation":
Where: i is component index of performance parameter set; M is expected average performance target; ω1 and ω2 are weights of expectation μ and standard deviation σ, S1 and S2 are normalization coefficients of μ and σ.
Mathematical constraints G in Eq. (14) can be converted to quality constraints Gq which are expressed as "Sigma level", that can ensure the results quality in a specific sigma level. Quality constraints include: expectation μ, standard deviation σ and sigma level number n:
In Eq. (12), sigma level number n represents strict level of result quality requirement. When n=±3, namely "3σ Design", which reliability is 99.73% according to Fig.5 , and is usually considered as the acceptable result quality. When n=±6, that is "6σ Design", which reliability is 99.9999998%, and can effectively reduce the per-million failure probability of results. As its huge time cost and high non-convergence risk, "6σ Design" is not used here. The quality level and reliability of "3σ Design" are enough for hull lines design in the ship preliminary design stage, and is adopted in this paper for the minimum EEDI hull lines RBOD.
Considering the uncertainty of variables, deterministic optimisation result in Sec. 2.3 is taken as the initial optimisation scheme. Aiming at finding the minimum μ and σ of EEDI, and also meeting the 3σ quality level of constraints, RBOD is conducting as follows. As its excellent accuracy evaluation performance, Second Order Reliability Method (SORM) is taken as the reliability analysis method. RBOD model of minimum EEDI hull lines is shown in Tab. 6. As is shown, the optimisation objective EEDI of RBOD is slightly worse than the DOD result, but the two constraints: molded volume and total resistance are more far away form failure surface. Therefore, RBOD result has stronger immunity for the disturbance of uncertain factors. Under the normal disturbance of design variables and noises, probability distributions and quality levels comparison of DOD and RBOD are as shown in Fig. 12 and Fig.13 , which are analysis by SORM. For hull lines comparison, section lines of the initial scheme, DOD result and RBOD result are showed in Fig.14 . Apparently, the DOD result has the greatest shape changing (especially at the parallel middle body) and RBOD' change is comparatively placed in the middle, and bulbous bow of RBOD has some greater improvements. In conclusion, the RBOD method introduced in this paper can get a more reliability hull lines result and without great changing of the conventional DOD result. 
Conclusion
This paper considered the problems of hull lines design for the minimum EEDI in consideration of the uncertain parameters. Based on reliability-based optimisation design technology, a 3-sigma design target for quality level was conducted, which had more reliability for the actual environment disturbance. This paper researched theoretically the reliability analysis and optimisation method, and some critical assessments could be got:
(1) Both the reduction of resistance and increase of molded volume could cause deduction of EEDI, as is the goal of this paper. But the two are very contradictory, thus in finally results, as in Tab.7, the changes of molded volume are insignificant, while changes of resistance are greater. Introduction of some designer preferences to the optimisation process may be a better approach to reconcile this contradiction. 
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(2) As an operation indicator, parameters of EEDI do not change during operation and EEDI is actually fixed when shipping. In order to get the best adaptability of EEDI, in the hull lines design stage, which has the important effect on EEDI, designers need to consider a variety of marine environmental uncertainty factors, not limited to this research.
(3) RBOD method can get a more reliability hull lines and without great changing of the conventional DOD result and initial, thus the reliability-based ship hull design has the feasibility and effectiveness. Further work could conduct from more reliability constraints and higher quality level for hull lines design and may other aspects of naval architecture. 
Acknowledgement
